We describe a map of 1.42 million single nucleotide polymorphisms (SNPs) distributed throughout the human genome, providing an average density on available sequence of one SNP every 1.9 kilobases. These SNPs were primarily discovered by two projects: The SNP Consortium and the analysis of clone overlaps by the International Human Genome Sequencing Consortium. The map integrates all publicly available SNPs with described genes and other genomic features. We estimate that 60,000 SNPs fall within exon (coding and untranslated regions), and 85% of exons are within 5 kb of the nearest SNP. Nucleotide diversity varies greatly across the genome, in a manner broadly consistent with a standard population genetic model of human history. This high-density SNP map provides a public resource for defining haplotype variation across the genome, and should help to identify biomedically important genes for diagnosis and therapy.
Inherited differences in DNA sequence contribute to phenotypic variation, influencing an individual's anthropometric characteristics, risk of disease and response to the environment. A central goal of genetics is to pinpoint the DNA variants that contribute most significantly to population variation in each trait. Genome-wide linkage analysis and positional cloning have identified hundreds of genes for human diseases 1 (http://ncbi.nlm. nih.gov/OMIM), but nearly all are rare conditions in which mutation of a single gene is necessary and sufficient to cause disease. For common diseases, genome-wide linkage studies have had limited success, consistent with a more complex genetic architecture. If each locus contributes modestly to disease aetiology, more powerful methods will be required.
One promising approach is systematically to explore the limited set of common gene variants for association with disease [2] [3] [4] . In the human population most variant sites are rare, but the small number of common polymorphisms explain the bulk of heterozygosity 3 (see also refs 5-11) . Moreover, human genetic diversity appears to be limited not only at the level of individual polymorphisms, but also in the specific combinations of alleles (haplotypes) observed at closely linked sites 8, [11] [12] [13] [14] . As these common variants are responsible for most heterozygosity in the population, it will be important to assess their potential impact on phenotypic trait variation.
If limited haplotype diversity is general, it should be practical to define common haplotypes using a dense set of polymorphic markers, and to evaluate each haplotype for association with disease. Such haplotype-based association studies offer a significant advantage: genomic regions can be tested for association without requiring the discovery of the functional variants. The required density of markers will depend on the complexity of the local haplotype structure, and the distance over which these haplotypes extend, neither of which is yet well defined.
Current estimates (refs 13-17) indicate that a very dense marker map (30,000-1,000,000 variants) would be required to perform haplotype-based association studies. Most human sequence variation is attributable to SNPs, with the rest attributable to insertions or deletions of one or more bases, repeat length polymorphisms and rearrangements. SNPs occur (on average) every 1,000-2,000 bases when two human chromosomes are compared 5, 6, 9, [18] [19] [20] , and are thus present at sufficient density for comprehensive haplotype analysis. SNPs are binary, and thus well suited to automated, high-throughput genotyping. Finally, in contrast to more mutable markers, such as microsatellites 21 , SNPs have a low rate of recurrent mutation, making them stable indicators of human history. We have constructed a SNP map of the human genome with sufficient density to study human haplotype structure, enabling future study of human medical and population genetics.
Identification and characteristics of SNPs
The map contains all SNPs that were publicly available in November 2000. Over 95% were discovered by The SNP Consortium (TSC) and the public Human Genome Project (HGP). TSC contributed 1,023,950 candidate SNPs (http:// snp.cshl.org) identified by shotgun sequencing of genomic fragments drawn from a complete (45% of data) or reduced (55% of data) representation of the human genome 18, 22 . Individual contributions were: Whitehead Institute, 589,209 SNPs from 2.57 million (M) passing reads; Sanger Centre, 262,279 SNPs from 1.16M passing reads; Washington University, 172,462 SNPs from 1.69M passing reads. TSC SNPs were discovered using a publicly available panel of 24 ethnically diverse individuals 23 . Reads were aligned to one another and to the available genome sequence, followed by detection of single base differences using one of two validated algorithms: Polybayes 24 and the neighbourhood quality standard (NQS 18, 22 ). An additional 971,077 candidate SNPs were identified as sequence differences in regions of overlap between large-insert clones (bacterial artificial chromosomes (BACs) or P1-derived artificial chromosomes (PACs)) sequenced by the HGP. Two groups (NCBI/Washington University (556,694 SNPs): G.B., P.Y.K. and S.S.; and The Sanger Centre (630,147SNPs): J.C.M. and D.R.B.) independently analysed these overlaps using the two detection algorithms. This approach contributes dense clusters of SNPs throughout the genome. The remaining 5% of SNPs were discovered in gene-based studies, either by automated detection of single base differences in clusters of overlapping expressed sequence tags [24] [25] [26] [27] [28] or by targeted resequencing efforts (see ftp://ncbi.nlm.nih. gov/snp/human/submit_format/*/*publicat.rep. gz).
It is critical that candidate SNPs have a high likelihood of representing true polymorphisms when examined in population studies. Although many methods and contributors are represented on the map (see above), most SNPs (Ͼ 95%) were contributed by two large-scale efforts that uniformly applied automated methods.
Random samples of these SNPs have been evaluated by confirmation in the original DNA samples (where possible) to rule out false positives, and in independent population samples to determine allele frequency. The TSC centres and two outside laboratories (Orchid and Cold Spring Harbor Laboratory) successfully genotyped 1,585 TSC SNPs in the 24 DNA samples used for discovery (http://snp.cshl.org); having surveyed all chromosomes in which each SNP could have been identified, any non-polymorphic candidates must represent false positives. In these tests, 1,500 SNPs (95%) were polymorphic, 67 (4%) non-polymorphic (false positives) and 18 (1%) uniformly heterozygous (previously unrecognized repeats). These high validation rates were observed separately for subsets of SNPs discovered by reduced representation shotgun and genomic alignment, and for subsets identified with Polybayes and the NQS. Thus, these algorithms appear to generate few false positive SNPs. The small number (1%) of uniformly 'heterozygous' candidate SNPs show that the methods also exclude nearly all low-copy repeats.
The allele frequencies of a set of SNPs have been evaluated 29 in independent populations using pooled resequencing. Samples of TSC (n ¼ 502) and overlap SNPs (n ¼ 774) were studied in population samples of European, African American and Chinese descent, revealing 82% to be polymorphic in at least one ethnic group at frequencies above the detection threshold of pooled resequencing (ϳ10%). The remaining 18% presumably represent SNPs with a frequency less than 10% in the populations surveyed and false positives. Furthermore, 77% of SNPs had a minor allele frequency of more than 20% in at least one population, and 27% had an allele frequency higher than 20% in all three ethnic groups. TSC and overlap SNPs had similar distributions across the populations, showing that they are comparable in quality and frequency. The high proportion of SNPs with significant population frequency is expected after SNP discovery in two or a few chromosomes, given standard assumptions about human population history 18, 29, 30 .
Description of the SNP map
We mapped the sequence flanking each SNP by alignment to the genomic sequence of large-insert clones in Genbank. These alignments were converted into chromosomal coordinates according to the publicly available genome assemblies of July and September 2000 (http://genome.ucsc.edu). Candidate SNPs were included in the final map only if they mapped to a single location in the genome assembly. Fig. 1) : 90% of contiguous 20-kb windows contain one or more SNPs, as do 63% of 5-kb windows and 28% of 1-kb windows. Only 4% of genome sequence falls in gaps between SNPs of Ͼ 80 kb, and some of these gaps are covered by SNPs that are discovered but not yet mapped owing to gaps in the genome assembly.
To evaluate the density of SNPs in regions within and surrounding genes, we used the September 2000 release of RefSeq 31 . In total, 14,534 SNPs map to within these 7,000 carefully annotated, nonredundant messenger RNAs, equivalent to about two exonic SNPs per gene (coding and untranslated regions). Extrapolating two exonic SNPs per gene to the approximately 30,000 human genes 32 , we estimate there to be 60,000 exonic SNPs in this collection. The density of SNPs in exons (one SNP per 1.08 kb; Table 1 ) is higher than in the genome as a whole, owing to the contribution of efforts targeted to exonic regions.
We also assessed the distribution of SNPs in the genomic locus surrounding each of the RefSeq mRNAs. We assigned the RefSeq exons to their genomic locations, restricting analysis to the 2,960 RefSeq mRNAs mapping onto finished sequence. As we cannot define the extent of the noncoding (regulatory) regions of each gene, we arbitrarily defined each 'gene locus' as extending from 10 kb upstream of the start of the first exon to the end of the last exon. By this definition, 93% of gene loci contain at least one SNP, and 98% are within 5 kb of the nearest SNP; also, 59% of gene loci contained five or more SNPs, and 39% ten or more. Of 24,953 (Table 2) . Data are presented for the entire dataset (All SNPs) and for those from the SNP consortium (TSC SNPs), as the latter are more evenly spaced than those from clone overlaps. exons, 85% were within 5 kb of the nearest SNP. Thus, most exons should be close enough to at least one SNP for haplotype-based association studies, where the functional variant may be some distance from the SNPs used in the study.
The density of SNPs obtained at any given location depends upon the methods of SNP discovery contributing at each position (TSC, BAC overlap or targeted), the availability of genome sequence for SNP discovery and mapping, and the rate of nucleotide diversity. Of these, only nucleotide diversity is a fundamental characteristic of the region and population studied. To chart the landscape of human genome sequence polymorphism, we performed a genome-wide analysis of nucleotide diversity.
Analysis of nucleotide diversity
Describing the underlying pattern of nucleotide diversity required a polymorphism survey performed at high density, in a single, defined population sample, and analysed with a uniform set of tools. We reanalysed 4.5M passing sequence reads generated by TSC using genomic alignment using the NQS (see Methods). This set contained 1.2 billion aligned bases and 920,752 heterozygous positions. We measured nucleotide sequence variation using the normalized measure of heterozygosity (), representing the likelihood that a nucleotide position will be heterozygous when compared across two chromosomes selected randomly from a population. also estimates the population genetic parameter ⌰ = 4N e m in a model in which sites evolve neutrally, with mutation rate m, in a constant-sized population of effective size N e . For the human genome, was 7.51 × 10 −4 , or one SNP for every 1,331 bp surveyed in two chromosomes drawn from the NIH diversity panel. This value agrees with smaller surveys of human genome variation [18] [19] [20] . We next examined the heterozygosity of individual chromosomes ( Table 2 ). The autosomes were quite similar to one another, with 20 of 22 within 10% of the genome-wide average for autosomes observations are due to statistical fluctuations or methodological issues, or are biologically meaningful, will require investigation. The most striking difference in heterozygosity is the lower diversity of the sex chromosomes. The lower rate of polymorphism on the X chromosome may be explained by both a lower effective population size (N e ) and lower mutation rate (m) in ⌰ = 4N e m. Because the X chromosome is hemizygous in males, the effective population size is three-quarters of that of the autosomes. In addition, m is higher in male than in female meiosis, with m male /m female Ϸ 1.7/1.0 (ref. 33) . As the X chromosome undergoes male meiosis only 1/3 of the time, the overall rate of mutation in the X chromosome is expected to be 91% that of the autosomes (m X = 1.23/1.35 = 0.91). Thus, the diversity of the X chromosome is predicted to be 69% that of the autosomes. The observed heterozygosity of the X chromosome was 4.69 × 10 −4 , or 61% of the average value of the autosomes. Thus, the population genetic considerations described above could largely explain the lower heterozygosity on the X chromosome. It is possible that strong selection on the X chromosome (owing to hemizygosity in males) or other factors might partially explain this observation. The Y chromosome has the lowest observed heterozygosity of any chromosome. It is divided into two regions: a pseudoautosomal region at either telomeric end that recombines with the X chromosome and is highly heterozygous 34 , and the non-recombining Y (NRY). The genome assembly used for this analysis contains only the NRY, which shows very little diversity: 348 SNPs in 2,304,916 bases ( = 1.51 × 10
−4
). These values agree reasonably with previous estimates for NRY 35, 36 . The lower diversity of NRY is influenced by a smaller effective population size (20% that of the autosomes), counterbalanced by the higher mutation rate of male meiosis (m Y = 1.7/1.35 = 1.26 × that of the autosomes). These factors predict that the Y chromosome would have a diversity 31% that of the autosomes, as compared to the observed 20%. Other influences might include selection against deleterious alleles, patterns of male dispersal 35 and a correlation of diversity with recombination rate Fig. 2a, b ; see also Supplementary Information). One measure of the spread in the data is the coefficient of variation (CV), the ratio of the standard deviation (j) to the mean (m) of the heterozygosity of each individual read. For the observed data, the CV (j observed /m observed ) was 1. (Fig. 2c) . Even in this reduced data set, the Poisson model can be rejected at P Ͻ 10
. The coalescent simulation 38 assumed a constant-sized population of effective size 10,000 and free recombination among reads. For each read, m was scaled according to its length and GC content (Fig. 2c) . Each sampled read was assigned a coalescent history from a simulated distribution and the number of SNPs predicted. The coefficient of variation of the estimate of heterozygosity is presented, with the mean and standard deviation of the 100 sampling runs shown.
factors may include rates of mutation and recombination at each locus. For example, heterozygosity is correlated with the GC content for each read (Fig. 2c) , reflecting, at least in part, the high frequency of CpG to TpG mutations arising from deamination of methylated 5-methylcytosine. Population genetic forces are likely to be even more important: each locus has its own history, with samples at some loci tracing back to a recent common ancestor, and other loci describing more ancient genealogies. The time to the most recent common ancestor at a particular stretch of DNA is variable, and represents the opportunity for sequence divergence; thus, the expected pattern of heterozygosity is more heterogeneous than if every locus shared the same history 37, 38 . To assess whether gene history would account for the observed variation in heterozygosity, we compared the observed CV to that expected under a standard coalescent population genetic model. For each read, we adjusted m on the basis of its per cent GC and length, and simulated genealogical histories under the assumption of a constant-sized population with N e = 10,000. The CV determined under this model (j constant-size /m constant-size = 1.96) is a close match to the observed data. To estimate standard deviations around these estimates of the CV, it was necessary to consider that tightly linked regions may display correlated histories, and thus are nonindependent. We sampled subsets of the data chosen to minimize correlation among reads (see Methods), providing estimates of the mean and standard deviation of CV for the observed and simulated data (Table 3) . These results indicate that the observed pattern of genome-wide heterozygosity is broadly consistent with predictions of this standard population genetic model (for comparison, see an analysis of variation in heterozygosity in the mouse genome) 39 . However, much work will be required to assess additional factors that could influence this distribution: biological factors such as variation in mutation and recombination rates, historical forces such as bottlenecks 40, 41 , expansions or admixture of differentiated populations, evolutionary selection, and methodological artefacts.
Regions of low diversity were more prevalent on the sex chromosomes. Whereas only 2.5% of 200,000-bp bins across the genome had Ͻ 2.0 × 10
, 15% of bins on the X chromosome 42 and 89% on the Y chromosome (NRY) had these levels of diversity. Regions of low diversity may be explained by the smaller effective population size of the sex chromosomes and the variable underlying distribution of heterozygosity. Strong selection acting on the sex chromosomes in males might also have a role, but this hypothesis requires further testing. Regions of high heterozygosity were also observed. One was found on chromosome 6 (Fig. 2b, centred on 34 Mb), and was confirmed to represent the HLA locus, which has high nucleotide diversity owing to balancing selection 43 . Other regions of varying size were observed on this and other chromosomes (Fig.  2c and Supplementary Information) . Some of these highly diverse regions might have also experienced balancing selection, but there are other possible explanations: for example, sampling fluctuations of the coalescent distribution, regions with high rates of mutation and/or recombination, unrecognized duplications in the human genome and sequencing of a rare haplotype by the HGP (to which the TSC reads were compared).
Given the unfinished state of publicly available sequence data and genome assembly, it will be important to reevaluate these estimates as more complete genome sequence becomes available.
Implications for medical and population genetics
We describe a map of publicly available SNPs (as of November 2000), fully integrated with the sequence, physical and genetic maps of the human genome. We anticipate immediate application to studies of human population genetics, candidate-gene studies for disease association, and eventually unbiased, genome-wide association scans. First, the map provides an unprecedented tool for studying the character of human sequence variation. We use these data to describe the first genome-wide view of how human DNA sequence varies in the population, and the public availability of these data should fuel future research into biological and population genetic influences on human genetic diversity.
Second, insights into human evolutionary history will be obtained by using SNPs from the map to characterize haplotype diversity throughout the genome. Human haplotype structure remains largely unexplored, and this map makes it possible to define the extent and variation of haplotype identity, the number and frequencies of common haplotypes, and their distribution among and within existing ethnic groups.
Most practically, where a gene has been implicated in causing disease (by chromosomal position relative to linkage peaks, known biological function or expression pattern), it is desirable exhaustively to survey allelic variation for any association to disease. Using the SNP map, it should be possible to evaluate the extent to which common haplotypes contribute to disease risk. As the speed and efficiency of SNP genotyping increases, such studies will fuel increasingly comprehensive tests of the hypothesis that common variants contribute significantly to the risk of common diseases. To the extent that such studies are successful, they should profoundly affect our understanding of disease, methods of diagnosis, and ultimately the development of new and more effective therapies.
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Methods
SNP identification
Candidate SNPs were identified by detection of high-confidence base differences in aligned sequences. For TSC, sequence reads were filtered to exclude low quality reads and those containing predominantly known repetitive sequence. Sequences were aligned to each other using the reduced representation shotgun (RRS) method, and by genomic alignment (GA) as described 18, 22 . For GA of TSC data, reads were compared to available large-insert clones (finished and draft with available PHRAP quality scores) in Genbank. For the analysis of clone overlaps, all available finished and unfinished genomic sequence accessions were aligned. Two methods were used to detect SNPs. The NQS relies upon the sequence trace quality surrounding the SNP base to increase base-calling confidence 18, 22 ; most data discovered using the NQS was processed using SsahaSNP, an ultrafast, hashbased implementation of the algorithm (Z.N., A. Cox and J.C.M, manuscript in preparation). The second method calculates confidence scores on the basis of a Bayesian analysis of confidence scores 24 . A variety of methods were used to find SNPs in expressed sequence tag (EST) overlaps 24, 25, 27 and for targeted resequencing; details of the remaining SNPs can be found in the individual dbSNP entries (www.ncbi.nlm.nih.gov/SNP/).
Mapping of SNPs and features
MEGABLAST 44 was used to align TSC SNP flanking sequences to the genomic sequence accessions. A SNP was considered mapped if a high-quality match (99% identity or greater) was found across the available flanking sequence of no less than 270 bp. SNPs that matched more than three accessions with identity Ͼ 98% were judged to be possible repetitive regions and set aside. SNP coordinates were generated relative to the OO18 build of the genome assembly (5 September 2000) and the OO15 build (15 July 2000), using the AGP format files provided by D. Haussler (http://genome.ucsc.edu).
The NCBI RefSeq mRNA transcripts 31 were aligned to the Genome Assembly using the NCBI SPIDEY alignment tool. Alignment required Ͼ97% sequence similarity between mRNA and genome sequence; alignments were refined by taking into account the donor/ acceptor sites. In cases where CDS annotations were available in the GenBank record, exons of the CDS were aligned within the confines of the mRNA alignment. Regions of known human repeats were annotated directly using RepeatMasker (A. Smit, unpublished).
Nucleotide diversity analysis
To characterize nucleotide diversity, we required a data set in which all data could be analysed both for the number of high-quality bases meeting quality standards for SNP detection, and for the number of SNPs. To ensure homogeneity of analysis, we performed a single analysis of 4.5 million high-quality TSC reads from the Sanger Centre, Washington University in St. Louis and the Whitehead Center for Genome Research. The GC content of these reads was 41%, the same as the genome as a whole 32 , and the distribution of read GC content across deciles of the genome (sorted by GC content) was within 10% of the expected value for all bins. The read coverage was well distributed: 88% of contiguous 200,000-bp windows contained over 10,000 aligned bases (5%) surveyed for SNPs (see below). Using a single analytic tool (SsahaSNP, an implementation of the NQS; Z.N., A. Cox and J.C.M, in preparation), these reads were aligned to the available genome sequence (finished and draft with quality scores) and the number of high-quality bases (meeting NQS) and SNPs counted. We limited the analysis to SNPs found by genomic alignment so that the cluster depth of each comparison would be exactly two chromosomes. We precisely measured the target size for SNP discovery by counting the number of positions meeting the NQS. This is desirable because alignments contain positions of both high and low quality, but only those meeting the NQS are candidates for SNP discovery. Where a single TSC read aligned to multiple (overlapping) BACs from the HGP, we averaged the number of SNPs and aligned bp for all pairwise alignments of that read; this weighted evenly those reads mapping to a single BAC and those aligning to a region of overlap. Reads representing repeat loci were excluded using validated criteria 18, 22 : alignments of reads to genome were excluded if they were less than 99% identical. The genome was then divided into contiguous bins of 200,000 bp (based on chromosome-relative coordinates). Individual reads were filtered for repeats: any that aligned to more than one bin in the genome assembly were rejected. Finally, heterozygous positions and bases meeting the NQS were counted. As a final filter for regions containing a high proportion of repeats, we reject any bin for which more than 10% of the reads mapping to that bin also mapped to another chromosome. Finally, to avoid statistical fluctuation due to inadequate sampling, we examined only the 88% of bins in which at least 10,000 aligned bases met the NQS and thus could be examined for SNPs.
Coalescent modelling was performed by simulation 38 , and assumed a constant-sized population of 10,000 individuals and a mutation rate adjusted for each read on the basis of its GC content (Fig. 2c) and length. To assess the standard deviation around this estimate, the simulation was repeated 100 times. For the observed data, calculating a standard deviation around the CV is difficult owing to the correlation of gene history for closely linked sites. In expectation, this correlation should not alter the mean of the observed coefficient of variation, but does influence its variance. To estimate the variance around the CV for the observed data, we selected 100 reduced data sets, each containing one randomly chosen read from each 200,000-bp bin along the autosomes. In using this approach, we assume that these reads, 200,000 bp apart and sampled from unrelated individuals, have independent genealogies. This random sampling procedure was repeated 100 times to estimate the mean and variance of the observed CV.
The data for the heterozygosity analysis, including the coordinates of each bin, the number of bases examined and number of SNPs identified, is available as Supplementary Information.
